This paper compares the forecasting ability of five alternative models in predicting four key macroeconomic variables, namely, per capita growth rate, the Consumer Price Index (CPI) inflation, the money market rate, and the growth rate of the nominal effective exchange rate for the South African economy. Unlike the theoretical Small Open Economy New Keynesian Dynamic Stochastic General Equilibrium (SOENKDSGE), the unrestricted VAR, and the small-scale Bayesian Vector Autoregressive (BVAR) models, which are estimated based on four variables, the Dynamic Factor Model (DFM) and the large-scale BVAR models use information from a data-rich environment containing 266 macroeconomic time series observed over the period of 1983:01 to 2002:04. The results, based on Root Mean Square Errors (RMSEs), for one-to four-quarters-ahead out-of-sample forecasts over the horizon of 2003:01 to 2006:04, show that, except for the one-quarter-ahead forecast of the growth rate of the of nominal effective exchange rate, large-scale BVARs outperform the other four models consistently and, generally, significantly.
Introduction
This paper compares the forecasting ability of five alternative models in predicting four key macroeconomic variables, namely, per capita growth rate, the Consumer Price Index (CPI) inflation, the money market rate, and the growth rate of the nominal effective exchange rate for an emerging market economy, which in our case happens to be South Africa. Specifically, we compare a standard Small Open Economy New Keynesian Dynamic Stochastic General Equilibrium (SOENKDSGE) model developed by Lubik and Schorfheide (2007) , with two small-scale and two large-scale atheoretical models. The two-small scale models are the classical and Bayesian Vector Autoregressive (VAR) models involving only the above mentioned four key macroeconomic variables, while, the two large-scale models are the Dynamic Factor Model (DFM) and the large-scale Bayesian VAR (BVAR), both of which exploit information contained in a large cross-section of time series, 266 to be specific. 1 Further note, within the small-scale and large-scale category of the BVARs, we estimate each of the models under five-alternative hyperparameter values specifying the prior. All the models are estimated over the period of 1983:01 to 2002:04 using quarterly data, 2 and are then used to generate one-to fourquarters-ahead out-of-sample forecasts over a 16 quarters horizon of 2003:01 to 2006:04, with the performance of the models being compared using the Root Mean Square Error (RMSE) statistic.
The main motivation for this current piece of work is simple: We want to deduce which kind of standard model(s), theoretically grounded or atheoretical, small or large, is (are) best suited in forecasting an emerging market economy? To the best of our knowledge, this is the first attempt to look at such a wide array of small and large-scale models in forecasting a developing Small Open Economy (SOE). At this stage, it must be emphasized that the choice of South Africa, as our country of interest, is purely data-driven, especially due to our requirement of information on 266 quarterly time series data, which, in turn, is derive from the existing studies of Gupta and Kabundi (2008a) and . Hence, there is no reason as to why similar research cannot be conducted for any other economy, given the general nature of the econometric models used here. Besides the obvious need of data, the choice of South Africa is also driven by the results of two recent papers, namely Liu et al. (2008) and Gupta and Kabundi (2008a) , on forecasting the South African economy. Using a closed economy NKDSGE model, estimated using quarterly data over the period of 1970:01-2000:04, Liu et al (2008) forecasted growth per capita, inflation based on the Gross Domestic Product (GDP) deflator and the 91 days Treasury Bill rate for the period of 2001:01 to 2006:04. When the forecasts were compared with those generated from the Classical and Bayesian variants of the Vector Autoregression (VAR) models, the results indicated that the NKDSGE model outperformed both the Classical and the Bayesian VARs for inflation, but not for output growth and the nominal short-term interest rate. However, the differences in the RMSEs were not significant across the models. Gupta and Kabundi (2008a) , used a DFM to forecast the same three variables over the same out-of-sample horizon, but based on an in-sample period of 1980:01 to 2000:04. Interestingly, when the forecast performance of the model was compared with an unrestricted VAR, alternative BVARs and the NKDSGE model developed by Liu et al. (2008) , the authors found the DFM to outperform all the models in terms of forecasting the interest rate, while, it did no worse than the VAR and the BVARs in forecasting the other two variables. Gupta and Kabundi (2008a) attributed the better performance of the DFM to its ability to efficiently handle large amounts of information, which, in turn, contained information about the influence of foreign variables on the domestic economy, and, hence, its capability to forecast more accurately.
In such a backdrop, this paper should be viewed not only as an attempt to shed light on the type of model that is possibly best-suited for forecasting an emerging market, but also to check for the validity of the claim made by Gupta and Kabundi (2008a) , by comparing the forecasts for the four variables obtained from the DFM, with that of a microfounded SOENKDSGE model and also large-scale BVAR models, of which the latter, based on their estimation method 3 can also accommodate a panel as large as the one used in the DFM. 4 For the sake of completeness, and as is standard in the forecasting literature, 5 we also look at the predictive abilities of a small-scale VAR and small-scale BVARs. The remainder of the paper is organized as follows: Section 2 briefly discusses the SOENKDSGE, the DFM, the VAR and the Minnesota-type BVARs. Section 3 presents the results from the forecasting exercise and, finally, section 4 concludes.
Alternative Forecasting Models:
2.1. The SOENKDSGE Model 6 : The log-linearized version of the SOENKDSGE model, used in this paper, can be described by three main equations. The demand-side of the economy is characterized by an open economy IS curve as follows:
where 
The SOENKDSGE model presented above is estimated using Bayesian methods. The object of interest is the vector of parameters 7 : , , , , , , , , , , , , , , , π π ψ ψ ψ α β κ τ ρ ρ ρ ρ ρ σ σ σ σ σ Given a prior ( ) p θ , the posterior density of θ is: ( 
The DFM
This study uses the Dynamic Factor Model (DFM) developed by Forni et al. (2005) to extract common components between macroeconomics series, and then these common components are used to forecast four key macro variables of South Africa. In the VAR models, since all variables are used in forecasting, the number of parameters to estimate depend on the number of variables n . With such a large information set, n , the estimation of a large number of parameters leads to a curse of dimensionality. The DFM uses information set accounted by few factors n q << , which transforms the curse of dimensionality into a blessing of dimensionality.
The DFM expresses individual times series as the sum of two unobserved components: a common component driven by a small number of common factors and an idiosyncratic component, which are specific to each variable. The relevance of the method is that the DFM is able to extract the few factors that explain the comovement of all South African macroeconomic variables. Forni et al. (2005) demonstrated that when the number of factors is small relative to the number of variables and the panel is heterogeneous, the factors can be recovered from the present and past observations. Forni et al. (2005), t X is described by a factor model, it can be written as the sum of two orthogonal components:
Consider an
or, in vector notation:
where t f is a 1 q × vector of dynamic factors,
. However, in a more general framework q r ≥ , instead of the more restrictive
. In a DFM, t f and it ξ are mutually orthogonal stationary processes, while, it χ is the common component.
In factor analysis jargon,
is referred to as dynamic factor model, and
is the static factor model. Similarly, t f is regarded as vector of dynamic factors, while, t F is the vector of static factors. Since dynamic common factors are latent, they need to be estimated. Forni et al. (2005) estimate the dynamic factors through the use of dynamic principal component analysis. It involves the estimation of the eigenvalues and eigenvectors decomposition of the spectral density matrix of t X , which is a generalization of the orthogonalization process in case of static principal components. 8 The DFM of Forni et al. (2005) is estimated in two steps to solve the end-ofsample problems caused by two-sided filtering encountered with the Dynamic Principle Component Analysis (DPCA) used in Forni et al. (2000) . Due to end-of-sample problems, this method is not suited for forecasting. Firstly, the DPCA is used to compute estimates of covariance matrices of common and idiosyncratic components of t X at all leads and lags as inverse Fourier transforms of the corresponding estimated spectral density matrices. Thus, the spectral density matrix of t X is given by ) ( ) ( ) (
. Secondly, these estimates are used in the construction of r linear combinations of the observations having smallest idiosyncratic-common variance ratio.
The VAR and BVARs 9
The Vector Autoregressive (VAR) model, though 'atheoretical', is particularly useful for forecasting purposes. An unrestricted VAR model, as suggested by Sims (1980) , can be written as follows:
where y is a ( ×1 n ) vector of variables being forecasted;
vector of constant terms, and ε is a ( 1 n × ) vector of error terms. In our case, we assume that Note the VAR model, generally uses equal lag length for all the variables of the model. One drawback of VAR models is that many parameters need to be estimated, some of which may be insignificant. This problem of overparameterization, resulting in multicollinearity and a loss of degrees of freedom, leads to inefficient estimates and possibly large out-of-sample forecasting errors. One solution, often adapted, is simply to exclude the insignificant lags based on statistical tests. Another approach is to use a near VAR, which specifies an unequal number of lags for the different equations.
However, an alternative approach to overcoming this overparameterization, as described in Litterman (1981) , Doan et al. (1984) , Todd (1984) , Litterman (1986), and Spencer (1993) , is to use a BVAR model. Instead of eliminating longer lags, the Bayesian method imposes restrictions on these coefficients by assuming that they are more likely to be near zero than the coefficients on shorter lags. However, if there are strong effects from less important variables, the data can override this assumption. The restrictions are imposed by specifying normal prior distributions with zero means and small standard deviations for all coefficients with the standard deviation decreasing as the lags increase. The exception to this is that the coefficient on the first own lag of a variable has a mean of unity. Litterman (1981) used a diffuse prior for the constant. This is popularly referred to as the 'Minnesota prior' due to its development at the University of Minnesota and the Federal Reserve Bank at Minneapolis.
Formally, as discussed above, the means and variances of the Minnesota prior take the following form: σ is the estimated standard error of the univariate autoregression for variable i. The ratio σ σ/ i j scales the variables to account for differences in the units of measurement and, hence, causes specification of the prior without consideration of the magnitudes of the variables. The term w indicates the overall tightness and is also the standard deviation on the first own lag, with the prior getting tighter as we reduce the value. The parameter g(m) measures the tightness on lag m with respect to lag 1, and is assumed to have a harmonic shape with a decay factor of d, which tightens the prior on increasing lags. The parameter f(i, j) represents the tightness of variable j in equation i relative to variable i, and by increasing the interaction, i.e., the value of ij k , we can loosen the prior. Given that, we have domestic as well as foreign and world variables within the 266 data series used for the large-scale models, and realizing that South Africa is a small open economy, and, hence, domestic variables would have minimal, if any, effect on foreign and world variables, while, the latter set of variables is sure to have an influence on the South African variables, setting ij k = 0.5 could be quite far fetched from reality. Hence, borrowing from the BVAR models used for regional forecasting, involving both regional and national variables, and following Kinal and Ratner (1986) , Shoesmith (1992) and Gupta and Kabundi (2008b) 
Essentially then, the method involves supplementing the data with prior information on the distribution of the coefficients. The number of observations and degrees of freedom are increased by one in an artificial way, for each restriction imposed on the parameter estimates. The loss of degrees of freedom due to over-parameterization associated with a classical VAR model is, therefore, not a concern in the BVARs.
Data
While, the SOENKDSGE and the small-scale VAR and BVARs, includes data on only the four variables of interest, namely, per capita growth rate, the Consumer Price Index (CPI) inflation, the money market rate, and the growth rate of the nominal effective exchange rate, the DFM and the largescale BVARs includes 266 quarterly series 12 of South Africa, covering the real, nominal, and financial sectors. We also have intangible variables, such as confidence indices, and survey variables. In addition to national variables, the paper uses a set of global variables such as commodity industrial inputs price index and crude oil prices. The data also comprises series of major trading partners such as Germany, the United Kingdom (UK), and the United States (US) of America. The in-sample period contains data from 1983Q1 to 2002Q4, while the out-of-sample set is 2001Q1-2006Q4. All series are seasonally adjusted and made covariance stationary. The more powerful DFGLS test of Elliott, Rothenberg, and Stock (1996) , instead of the most popular, but low in power, ADF test, is used to assess the degree of integration of all series. All nonstationary series are made stationary through differencing. The Schwarz information criterion is used in the selecting the appropriate lag length in such a way that no serial correction is left in the stochastic error term. Where there were doubts about the presence of unit root, the KPSS test proposed by Kwiatowski, Phillips, Schmidt, and Shin (1992) , with the null hypothesis of stationarity, was applied. All series are standardized to have a mean of zero and a constant variance. It must, however, be pointed out that, non-stationarity is not an issue with the BVAR, since Sims et al. (1990) indicates that with the Bayesian approach entirely based on the likelihood function, the associated inference does not need to take special account of nonstationarity, since the likelihood function has the same Gaussian shape regardless of the presence of nonstationarity. Hence, for the sake of comparison amongst the VARs, both classical and Bayesian, we make no attempt o make the variables stationary, unlike in the DFM. 13 Note as far as the SOENKDSGE is concerned, we follow Lubik and Schorfheide (2007) and Ortiz and Sturzenegger (2007) , in pre-filtering the data, by demeaning them using their sample means.
There are various statistical approaches in determining the number of factors in the DFM. For example, Bai and Ng (2002) developed an information criteria, based on AIC and BIC, guiding the selection of the number of factors in large dimensional panels. The principal component analysis (PCA) can also be used in establishing the number of factors in the DFM. The PCA suggests that the selection of a number of factors q be based on the first eigenvalues of the spectral density matrix of 
Evaluation of Forecast Accuracy
Given the specifications of the models, we estimate the five alternative models, namely, the SOENKDSGE, the DFM, VAR, small-scale BVARs and the large-scale BVARs over the period of 1983:1 to 2002:04, based on quarterly data. Then we compute the out-of-sample one-through fourquarters-ahead forecasts for the period of 2003:01 to 2006:04, and compare the forecast accuracy of the five alternative models with respect to each other. The different types of the VARs are estimated with 5 lags 14 of each variable. Since we use five lags, the initial five quarters of the sample, 1983:01 to 1984:01, are used to feed the lags. We generate dynamic forecasts, as would naturally be achieved in actual forecasting practice. The models are re-estimated each quarter over the out-of-sample forecast horizon in order to update the estimate of the coefficients, before producing the 4-quarters-ahead forecasts. This iterative estimation and 4-steps-ahead forecast procedure was carried out for 16 quarters, with the first forecast beginning in 2003:01. This experiment produced a total of 16 onequarter-ahead forecasts, 16-two-quarters-ahead forecasts, and so on, up to 16 4-step-ahead forecasts. The RMSEs 15 for the 16, quarter 1 through quarter 4 forecasts are then calculated for the per capita growth, CPI inflation, the money market rate and the growth rate of the effective nominal exchange rates. The values of the RMSE statistic for one-to four-quarters -ahead forecasts for the period 2003:01 to 2006:04 are then examined. The model that produces the lowest average value for the RMSE is selected, as the 'optimal' model for a specific variable.
In Tables 1 to 4 , we compare the RMSEs of one-to four-quarters-ahead out-of-sample-forecasts for the period of 2003:01 to 2006:04, generated by the abovementioned models. At this stage, a few words need to be said regarding the choice of the evaluation criterion for the out-of-sample forecasts generated from Bayesian models. As Zellner (1986) points out the "optimal" Bayesian forecasts will differ depending upon the loss function employed and the form of predictive probability density function". In other words, Bayesian forecasts are sensitive to the choice of the measure used to evaluate the out-of-sample forecast errors. However, Zellner (1986) points out that the use of the mean of the predictive probability density function for a series, is optimal relative to a squared error loss function and the Mean Squared Error (MSE), and, hence, the RMSE is an appropriate measure to evaluate performance of forecasts, when the mean of the predictive probability density function is used. This is exactly what we do below in Tables 1 through 4 , when we use the average RMSEs over the one-to 13 See Dua and Ray (1995) for further details. 14 The choice of 5 lags is based on the unanimity of the sequential modified LR test statistic, Akaike information criterion (AIC), the final prediction error (FPE) criterion and the Hannan-Quinn (HQ) information criterion applied to a stable VAR estimated with the four variables of concern. Note, stability, as usual, implies that no roots were found to lie outside the unit circle. 15 Note that if t n A + denotes the actual value of a specific variable in period t + n and t t n F + is the forecast made in period t for t + n, the RMSE statistic can be defined as: four-quarter-ahead forecasting horizon. The conclusions, regarding each of the four variables, based on the average one-to four-quarters-ahead RMSEs, from these tables can be summarized as follows:
(i) Per Capita Growth Rate: Based on the average RMSEs for one-to four-quarters-ahead forecasts, all the athoretical models outperform the SOENKDSGE model. However, within the category of the atheoretical models, it is the large-scale BVAR model with w = 0.2, d = 2 that tends to stand out for each of the quarters. (ii) CPI Inflation: Though the SOENKDSGE model performs better than the DFM, it, in turn, is outperformed by not only the small-scale VARs, both classical and Bayesian, but also by the large-scale BVARs. As with per capita growth rate, the best performing model, both in terms of average RMSEs and each of the quarters ahead, is a large-scale BVAR, but with a relatively loose prior of w = 0.
Money Market Rate: For the money market rate, the pattern of the results are exactly the same as with the per capita growth rate. Specifically, all the atheoretical models outperforms the SOENKDSGE, with the large-scale BVAR based on w = 0.2, d = 2, being the best performer amongst the five alternative types of models used for forecasting in terms of the RMSEs for at each of the one-to four-quarters-ahead forecasts, and, hence, also on average.
Growth Rate of Nominal Effective Exchange Rate: Unlike in the case of the other three variables, the SOENKDSGE is the best performing model in case of predicting the growth rate of the nominal effective exchange rate. The small-scale BVAR with w = 0.1 d = 1 and the large-scale BVAR with w = 0.2, d = 2 comes in as the second and third best performing models respectively, based on the average RMSEs for one-to four-quartersahead forecasts. A closer look, however indicates that the large-scale BVAR with w = 0.2, d = 2 outperforms the SOENKDSGE and the "optimal" small-scale BVAR for all the quarters, except the first.
To put these results into perspective, we draw comparison to the results of Gupta and Kabundi (2008a) . The authors found the DFM to outperform the closed-economy NKDSGE model, the small-scale VAR and the BVAR models in terms of forecasting the interest rate, while, it did no worse than the VAR and the BVARs in forecasting the per capita growth rate and the inflation rate. Here, however, the SOENKDSGE model is found to outperform the DFM in terms of forecasting the exchange rate and the CPI inflation. So, when compared to Gupta and Kabundi (2008) open economy assumptions does help in improving the forecast performances of a microfounded model, at least for the CPI inflation and the growth rate of the nominal effective exchange rate. Moreover, the DFM is also outperformed by the small and large-scale VARs for all the four variables. Overall, the current study obtains results in favor of large-scale BVAR models, pointing to the fact that information contained in data-rich environment, which also allows to incorporate asymmetric effects of foreign variables on domestic variables, help to enhance the prediction of macroeconomic variables in emerging market countries.
An important question is, whether the differences we notice in the forecasting performances, based on the RMSEs, are indeed statistically significant. To answer this question, we compute the across model tests of forecast accuracy proposed by Diebold and Mariano (1995) . Given that there are five alternative models, we use a parsimonious approach while reporting the Diebold-Mariano (1995) test statistic. 16 We compare each of the one-to four-quarters-ahead forecasts generated by the best or "optimal" model, i.e. the model with the lowest average RMSE, to those of the second best model. The exception to this rule, is, however, the case of the growth rate of the nominal effective exchange rate. In this case, we compare the best three models. The reason being that we would like to see how the performance of the large-scale BVAR, which produces the third best average RMSEs in this case even 16 The test statistic is defined as follows: For instance, let though being the overwhelming favorite in the other three cases, compares with two best models. As can be seen from Table 5 , in case of the per capita growth rate, the large-scale BVAR with w = 0.2, d = 2 outperforms the next-best model (the small-scale BVAR with w = 0.3, d = 0.5), with the Diebold and Mariano (1995) test statistics being significant at the 1 percent level for all the four quarters. Similarly, the Diebold and Mariano (1995) test statistics for the CPI inflation reveal that the large-scale BVAR with w = 0.3, d = 0.5 performs significantly better than the second best model, namely, the small-scale BVAR with w = 0.3, d = 0.5. However, for the money market rate, the performance of the large-scale BVAR with w = 0.3, d = 0.5 is statically superior to that of the small-scale BVAR with w = 0.1, d = 2 only for the first three quarters. The picture is different for the growth rate of the nominal effective exchange rate, where in the first quarter the large-scale BVAR with w = 0.2, d = 2 is outperformed significantly by both the small-scale BVAR with w = 0.1, d = 1 and the SOENKDSGE. However, for the next three quarters, even though the large-scale BVAR outperforms the other two models, the test statistic is significant only for the second quarter-ahead-forecast.
Conclusions
This paper compares the forecasting ability of five alternative models in predicting per capita growth rate, the Consumer Price Index (CPI) inflation, the money market rate, and the growth rate of the nominal effective exchange rate for South Africa. Specifically, we compare a standard SOENKDSGE model with two small-scale and two large-scale atheoretical models. The two-small scale models are the classical and Bayesian VAR models involving only the above mentioned four key macroeconomic variables, while, the two large-scale models are the DFM and the large-scale BVAR, both of which exploit information contained in a large cross-section of time series. All the models are estimated over the period of 1983:01 to 2002:04 using quarterly data, and are then used to generate one-to fourquarters-ahead out-of-sample forecasts over a 16 quarters horizon of 2003:01 to 2006:04. When the performance of the models are compared using the Root Mean Square Error (RMSE) statistic, our results indicate that data-rich large-scale BVARs are better suited in forecasting the key macroeconomic variables relative to the small-scale models involving only the few variables of interest.
However, it is important to point out that, there are at least two major limitations to using a Bayesian approach for forecasting. Firstly, as it is clear from Tables 1 to 4, the forecast accuracy is sensitive to the choice of the priors. So if the prior is not well specified, an alternative model used for forecasting may perform better. Secondly, in case of the Bayesian models, one requires to specify an objective function, for example the average RMSEs, to search for the 'optimal' priors, which, in turn, needs to be optimized over the period for which we compute the out-of-sample forecasts. However, there is no guarantee that the chosen parameter values specifying the prior will continue to be 'optimal' beyond the period for which it was selected. Nevertheless, the importance of BVARs cannot be ignored, especially when one realizes that they can accommodate large number of time series, and in reality economic agents do monitor hundreds of economic variables in their decision-making process.
But, it is also important to check for the robustness of our conclusions, by redoing the exercise with BVARs based on alternative forms of priors, other than the Minnesota-type used in this paper. In this regard, a good starting point would be to use the double exponential priors as in De Mol et al. (2006) . In addition to this, one might want to revisit the forecast performances of the BVARs by assuming a more general error structure, as in Gupta (2007) , to account for non-constant variance of the variables, and, also look at Bayesian Vector Error Correction Models (BVECMs). As pointed out by LeSage (1990) , Gupta (2006 Gupta ( , 2008 and Zita and Gupta (2008) , even though non-stationarity is not an issue with the Bayesian approach BVECMs, in general, tends to outperform BVARs, since Error Correction Models (ECMs) use long-run equilibrium relationships from economic theory to explain short-run dynamics of data. Finally, given that the large-scale BVAR, just like the other atheoretical models used in this paper, is not immune to the "Lucas Critique", 17 however capable it might be in handling largenumber of variables, one would want to develop a more modified SOENKDSGE model, which, in turn, would allow for habit persistence, wage rigidity, imperfect pass-through, and import price rigidity, amongst other things. . ***, ** and * indicates significance at 1, 5 and 10 percent levels respectively.
